
In Pro ceedings of the 18th In ternational Conference on Computational Linguistics, 2000, Saarbrüc k en.

Using a Probabilistic Class-Based Lexicon

for Lexical Am biguit y Resolution

Detlef Presc her and Stefan Riezler and Mats Ro oth

Institut für Masc hinelle Sprac h v erarb eitung

Univ ersität Stuttgart, German y

Abstract

This pap er presen ts the use of probabilistic

class-based lexica for disam biguation in target-

w ord selection. Our metho d emplo ys minimal

but precise con textual information for disam-

biguation. That is, only information pro vided

b y the target-v erb, enric hed b y the condensed

information of a probabilistic class-based lexi-

con, is used. Induction of classes and �ne-tuning

to v erbal argumen ts is done in an unsup ervised

manner b y EM-based clustering tec hniques. The

metho d sho ws promising results in an ev aluation

on real-w orld translations.

1 In tro duction

Disam biguation of lexical am biguities in nat-

urally o ccuring free text is considered a hard

task for computational linguistics. F or instance,

w ord sense disam biguation is concerned with the

problem of assigning sense lab els to o ccurrences

of an am biguous w ord. Resolving suc h am bi-

guities is useful in constraining seman tic in ter-

pretation. A related task is target-w ord disam-

biguation in mac hine translation. Here a deci-

sion has to b e made whic h of a set of alterna-

tiv e target-language w ords is the most appro-

priate translation of a source-language w ord. A

solution to this disam biguation problem is di-

rectly applicable in a mac hine translation sys-

tem whic h is able to prop ose the translation al-

ternativ es. A further problem is the resolution

of attac hmen t am biguities in syn tactic parsing.

Here the decision of v erb v ersus argumen t at-

tac hmen t of noun phrases, or the c hoice for v erb

phrase v ersus noun phrase attac hmen t of prep o-

sitional phrases can build up on a resolution of

the related lexical am biguities.

Statistical approac hes ha v e b een applied suc-

cessfully to these problems. The great adv an tage

of statistical metho ds o v er sym b olic-linguistic

metho ds has b een deemed to b e their e�ec-

tiv e exploitation of minimal linguistic kno wl-

edge. Ho w ev er, the b est p erforming statisti-

cal approac hes to lexical am biguit y resolution

themselv es rely on complex information sources

suc h as �lemmas, in�ected forms, parts of sp eec h

and arbitrary w ord classes [ : : : ] lo cal and dis-

tan t collo cations, trigram sequences, and predi-

cate argumen t asso ciation� (Y aro wsky (1995), p.

190) or large con text-windo ws up to 1000 neigh-

b oring w ords (Sc h ütze, 1992). Unfortunately , in

man y applications suc h information is not read-

ily a v ailable. F or instance, in incremen tal ma-

c hine translation, it ma y b e desirable to decide

for the most probable translation of the argu-

men ts of a v erb with only the translation of the

v erb as information source but no large windo w

of surrounding translations a v ailable. In parsing,

the attac hmen t of a nominal head ma y ha v e to

b e resolv ed with only information ab out the se-

man tic roles of the v erb but no other predicate

argumen t asso ciations at hand.

The aim of this pap er is to use only minimal,

but y et precise information for lexical am biguit y

resolution. W e will sho w that go o d results are

obtainable b y emplo ying a simple and natural

lo ok-up in a probabilistic class-lab eled lexicon

for disam biguation. The lexicon pro vides a prob-

abilit y distribution on seman tic selection-classes

lab eling the slots of v erbal sub categorization

frames. Induction of distributions on frames and

class-lab els is accomplished in an unsup ervised

manner b y applying the EM algorithm. Disam-

biguation then is done b y a simple lo ok-up in the

probabilistic lexicon. W e restrict our atten tion

to a de�nition of senses as alternativ e transla-

tions of source-w ords. Our approac h pro vides a

v ery natural solution for suc h a target-language

disam biguation task�lo ok for the most frequen t

target-noun whose seman tics �ts b est with the
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0.0629 en ter.aso:o � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0386 co v er.aso:o � � � � � � � � � � � � � � � � � � � � � �

0.0321 call.aso:o � � � � � � � � � � � � � � � � � � � � � �

0.0236 include.aso:o � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0226 run.aso:o � � � � � � � � � � � � � � � � �

0.0214 attend.aso:o � � � � � � � � � � � � �

0.0173 cross.aso:o � � � � � � � � � � � � � �

0.0136 dominate.aso:o � � � � � � � � � � � � � � � � � �

0.0132 ha v e.aso:s � � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0126 attract.aso:s � � � � � � � � � � � � � � �

0.0124 o ccup y .aso:o � � � � � � � � � � � �

0.0115 include.aso:s � � � � � � � � � � � � � � � � � � � � � � � � �

0.0113 con tain.aso:s � � � � � � � � � � � � � � � � � � � � � � � � �

0.0108 b ecome.as:s � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0099 form.aso:o � � � � � � � � � � � � �

0.0086 collapse.as:s � � � � � � � � � � � � � �

0.0085 create.aso:o � � � � � � � � � � � � � � � � � � � � � �

0.0082 pro vide.aso:s � � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0082 organize.aso:o � � � � � � � � � � � � �

0.0082 o�er.aso:s � � � � � � � � � � � � � � � � � � � � � � � �

Figure 1: Class 19: �lo cativ e action�. A t the top are listed the 20 most probable nouns in the

p

LC

( n j 19) distribution and their probabilities, and at left are the 30 most probable v erbs in the

p

LC

( v j 19) distribution. 19 is the class index. Those v erb-noun pairs whic h w ere seen in the training

data app ear with a dot in the class matrix. V erbs with su�x :as : s indicate the sub ject slot of an

activ e in transitiv e. Similarily :aso : s denotes the sub ject slot of an activ e transitiv e, and :aso : o

denotes the ob ject slot of an activ e transitiv e.

seman tics required b y the target-v erb. W e ev al-

uated this simple metho d on a large n um b er of

real-w orld translations and got results compara-

ble to related approac hes suc h as that of Dagan

and Itai (1994) where m uc h more selectional in-

formation is used.

2 Lexicon Induction via EM-Based

Clustering

2.1 EM-Based Clustering

F or clustering, w e used the metho d describ ed

in Ro oth et al. (1999). There classes are de-

riv ed from distributional data�a sample of

pairs of v erbs and nouns, gathered b y parsing

an unannotated corpus and extracting the �llers

of grammatical relations. The seman tically

smo othed probabilit y of a pair ( v ; n ) is calcu-

lated in a laten t class (LC) mo del as p

LC

( v ; n ) =

P

c 2 C

p

LC

( c; v ; n ) . The join t distribution is de-

�ned b y p

LC

( c; v ; n ) = p

LC

( c ) p

LC

( v j c ) p

LC

( n j c ) .

By construction, conditioning of v and n on

eac h other is solely made through the classes

c . The parameters p

LC

( c ) , p

LC

( v j c ) , p

LC

( n j c )

are estimated b y a particularily simple v ersion

of the EM algorithm for con text-free mo dels.

Input to our clustering algorithm w as a train-

ing corpus of 1,178,698 tok ens (608,850 t yp es)

of v erb-noun pairs participating in the gram-

matical relations of in transitiv e and transitiv e

v erbs and their sub ject- and ob ject-�llers. Fig.

1 sho ws an induced class from a mo del with 35

classes. Induced classes often ha v e a basis in lex-

ical seman tics; class 19 can b e in terpreted as

lo c ative , in v olving lo cation nouns �ro om�, �area�,

and �w orld� and v erbs as �en ter� and �cross�.

2.2 Probabilistic Lab eling with Laten t

Classes using EM-estimation

T o induce laten t classes for the ob ject slot of a

�xed transitiv e v erb v , another statistical infer-

ence step w as p erformed. Giv en a laten t class

mo del p

LC

( � ) for v erb-noun pairs, and a sam-

ple n

1

; : : : ; n

M

of ob jects for a �xed transitiv e

v erb, w e calculate the probabilit y of an arbitrary

ob ject noun n 2 N b y p ( n ) =

P

c 2 C

p ( c; n ) =

P

c 2 C

p ( c ) p

LC

( n j c ) : This �ne-tuning of the class

parameters p ( c ) to the sample of ob jects for a

�xed v erb is formalized again as a simple in-

stance of the EM algorithm. In an exp erimen t

with English data, w e used a clustering mo del

with 35 classes. F rom the maxim um probabil-



it y parses deriv ed for the British National Cor-

pus with the head-lexicalized parser of Carroll

and Ro oth (1998), w e extracted frequency ta-

bles for transitiv e v erb-noun pairs. These tables

w ere used to induce a small class-lab eled lexicon

(336 v erbs).

cross.aso:o 19 0.692

mind 74.2

road 30.3

line 28.1

bridge 27.5

ro om 20.5

b order 17.8

b oundary 16.2

riv er 14.6

street 11.5

atlan tic 9.9

mobilize.aso:o 6 0.386

force 2.00

p eople 1.95

arm y 1.46

sector 0.90

so ciet y 0.90

w ork er 0.90

mem b er 0.88

compan y 0.86

ma jorit y 0.85

part y 0.80

Figure 2: Estimated frequencies of the ob jects

of the transitiv e v erbs cr oss and mobilize

Fig. 2 sho ws the topmost parts of the lexical

en tries for the transitiv e v erbs cr oss and mo-

bilize . Class 19 is the most probable class-lab el

for the ob ject-slot of cr oss (probabilit y 0.692);

the ob jects of mobilize b elong with probabilit y

0.386 to class 16, whic h is the most probable

class for this slot. Fig. 2 sho ws for eac h v erb the

ten nouns n with highest estimated frequencies

f

c

( n ) = f ( n ) p ( c j n ) , where f ( n ) is the frequency

of n in the sample n

1

; : : : ; n

M

. F or example, the

frequency of seeing mind as ob ject of cr oss is

estimated as 74.2 times, and the most frequen t

ob ject of mobilize is estimated to b e for c e .

3 Disam biguation with Probabilistic

Cluster-Based Lexicons

In the follo wing, w e will describ e the simple

and natural lexicon lo ok-up mec hanism whic h

is emplo y ed in our disam biguation approac h.

Consider Fig. 3 whic h sho ws t w o bilingual sen-

tences tak en from our ev aluation corpus (see

Sect. 4). The source-w ords and their corresp ond-

ing target-w ords are highligh ted in b old face .

The correct translation of the source-noun (e.g.

Gr enze ) as determined b y the actual translators

is replaced b y the set of alternativ e translations

(e.g. f b order, fron tier, b oundary , limit, p eriph-

ery , edge g ) as prop osed b y the w ord-to-w ord

dictionary of Fig. 5 (see Sect. 4).

The problem to b e solv ed is to �nd a correct

translation of the source-w ord using only min-

imal con textual information. In our approac h,

(ID 160867) Es gibt einige alte Passvorschriften, die b e-

sagen, dass man einen Pass hab en muss, wenn man die

Grenze üb erschr eitet . There are some old pro visions re-

garding passp orts whic h state that p eople crossing the

{b order/ fron tier/ b oundary/ limit/ p eriphery/

edge} should ha v e their passp ort on them.

(ID 201946) Es gibt schliesslich keine L ösung ohne

die Mobilisierung der bür gerlichen Gesellsc haft und

die Solidarität der Demokr aten in der ganzen W elt.

There can b e no solution, �nally , unless civilian {com-

pan y/ so ciet y/ companionship/ part y/ asso ciate}

is mobilized and solidarit y demonstrated b y demo crats

throughout the w orld.

Figure 3: Examples for target-w ord am biguities

the decision b et w een alternativ e target-nouns is

done b y using only information pro vided b y the

go v erning target-v erb. The k ey idea is to bac k

up this minimal information with the condensed

and precise information of a probabilistic class-

based lexicon. The criterion for c ho osing an al-

ternativ e target-noun is th us the b est �t of the

lexical and seman tic information of the target-

noun to the seman tics of the argumen t-slot of

the target-v erb. This criterion is c hec k ed b y a

simple lexicon lo ok-up where the target-noun

with highest estimated class-based frequency is

determined. F ormally , c ho ose the target-noun ^n

(and a class ^c ) suc h that

f

^c

( ^ n ) = max

n 2 N ;c 2 C

f

c

( n )

where f

c

( n ) = f ( n ) p ( c j n ) is the estimated fre-

quency of n in the sample of ob jects of a

�xed target-v erb, p ( c j n ) is the class-mem b ership

probabilit y of n in c as determined b y the proba-

bilistic lexicon, and f ( n ) is the frequency of n in

the com bined sample of ob jects and translation

alternativ es

1

.

Consider example ID 160867 from Fig. 3. The

am biguit y to b e resolv ed concerns the direct ob-

jects of the v erb cr oss whose lexical en try is

partly sho wn in Fig. 2. Class 19 and the noun

b or der is the pair yielding a higher estimated

frequency than an y other com bination of a class

and an alternativ e translation suc h as b oundary .

Similarly , for example ID 301946, the pair of the

1

Note that p ( ^ c ) = max

c 2 C

p ( c ) in most, but not all cases.



target-noun so ciety and class 6 giv es highest es-

timated frequency of the ob jects of mobilize .

4 Ev aluation

W e ev aluated our resolution metho ds on a

pseudo-disam biguation task similar to that used

in Ro oth et al. (1999) for ev aluating clustering

mo dels. W e used a test set of 298 ( v ; n; n

0

) triples

where ( v ; n ) is c hosen randomly from a test cor-

pus of pairs, and n

0

is c hosen randomly accord-

ing to the marginal noun distribution for the test

corpus. Precision w as calculated as the n um b er

of times the disam biguation metho d decided for

the non-random target noun ( ^n = n ).

As sho wn in Fig. 4, w e obtained 88 % pre-

cision for the class-based lexicon (ProbLex),

whic h is a gain of 9 % o v er the b est cluster-

ing mo del and a gain of 15 % o v er the h uman

baseline

2

.

am biguit y

h uman

baseline

clustering ProbLex

2 73.5 % 79.0 % 88.3 %

Figure 4: Ev aluation on pseudo-disam biguation

task for noun-am biguit y

The results of the pseudo-disam biguation

could b e con�rmed in a further ev aluation on a

large n um b er of randomly selected examples of

a real-w orld bilingual corpus. The corpus con-

sists of sen tence-aligned debates of the Euro-

p ean parliamen t (mlcc = m ultilingual corpus

for co op eration) with ca. 9 million tok ens for

German and English. F rom this corpus w e pre-

pared a gold standard as follo ws. W e gathered

w ord-to-w ord translations from online-a v ailable

dictionaries and eliminated German nouns for

whic h w e could not �nd at least t w o English

translations in the mlcc-corpus. The resulting

35 w ord dictionary is sho wn in Fig. 5. Based on

this dictionary , w e extracted all bilingual sen-

tence pairs from the corpus whic h included b oth

the source-noun and the target-noun. W e re-

stricted the resulting ca. 10,000 sen tence pairs

to those whic h included a source-noun from this

2

Similar results for pseudo-disam biguation w ere ob-

tained for a simpler approac h whic h a v oids an-

other EM application for probabilistic class lab eling.

Here ^n (and ^c ) w as c hosen suc h that f

^c

( v ; ^n ) =

max

c;n

(( f

LC

( v ; n ) + 1) p

LC

( c j v ; n )) : Ho w ev er, the sensitivit y

to class-parameters w as lost in this approac h.

dictionary in the ob ject p osition of a v erb. F ur-

thermore, the target-ob ject w as required to b e

included in our dictionary and had to app ear

in a similar v erb-ob ject p osition as the source-

ob ject for an acceptable English translation of

the German v erb. W e mark ed the German noun

n

g

in the source-sen tence, its English translation

n

e

as app earing in the corpus, and the English

lexical v erb v

e

. F or the 35 w ord dictionary of

Fig. 5 this semi-automatic pro cedure resulted

in a test corpus of 1,340 examples. The a v er-

age am biguit y in this test corpus is 8.63 trans-

lations p er source-w ord. F urthermore, w e to ok

the seman tically most distan t translations for 25

w ords whic h o ccured with a certain frequency

in the ev aluation corpus. This ga v e a corpus of

814 examples with an a v erage am biguit y of 2.83

translations. The en tries b elonging to this dic-

tionary are highligh ted in b old face in Fig. 5.

The dictionaries and the related test corp ora are

a v ailable on the w eb

3

.

W e b eliev e that an ev aluation on these test

corp ora is a realistic sim ulation of the hard task

of target-language disam biguation in real-w ord

mac hine translation. The translation alterna-

tiv es are selected from online dictionaries, cor-

rect translations are determined as the actual

translations found in the bilingual corpus, no

examples are omitted, the a v erage am biguit y is

high, and the translations are often v ery close

to eac h other. In constrast to this, most other

ev aluations are based on frequen t uses of only

t w o clearly distan t senses that w ere determined

as in teresting b y the exp erimen ters.

Fig. 6 sho ws the results of lexical am bigu-

it y resolution with probabilistic lexica in com-

parison to simpler metho ds. The ro ws sho w

the results for ev aluations on the t w o corp ora

with a v erage am biguit y of 8.63 and 2.83 resp ec-

tiv ely . Column 2 sho ws the p ercen tage of cor-

rect translations found b y disam biguation b y

random c hoice. Column 3 presen ts as another

baseline disam biguation with the ma jor sense,

i.e., alw a ys c ho ose the most frequen t target-

noun as translation of the source-noun. In col-

umn 4, the empirical distribution of ( v ; n ) pairs

in the training corpus extracted from the BNC

is used as disam biguator. Note that this metho d

yields go o d results in terms of precision (P =

#correct / #correct + #incorrect), but is m uc h

3

http://www.ims.uni-stut tgar t.de /pr ojek te/ gram otro n/



Angri� aggression, assault, o�ence, onset, onslaugh t, attac k , c harge, raid, whamm y , inroad

Art form, t yp e, w a y , fashion, �t, kind, wise, manner, sp ecies, mo de, sort, v ariet y

Aufgab e abandonmen t, o�ce, task , exercise, lesson, giv eup, job , problem, tax

Ausw ahl eligibilit y , selection, c hoice, v arit y , assortmen t, extract, range, sample

Begri� concept, item, notion, idea

Bo den ground, land, soil , �o or, b ottom

Einric h tung arrangemen t, institution , constitution, establishmen t, feature, installation, construction, setup, adjustmen t, comp osition,

organization

Erw eiterung ampli�cation, extension , enhancemen t, expansion, dilatation, upgrading, add-on, incremen t

F ehler error, shortcoming , blemish, blunder, bug, defect, demerit, failure, fault, �a w, mistak e, trouble, slip, blo op er, lapsus

Genehmigung p ermission, appro v al, consen t, acceptance, approbation, authorization

Gesc hic h te history , story , tale, saga, strip

Gesellsc haft compan y , so ciet y , companionship, part y , asso ciate

Grenze b order, fron tier , b oundary , limit , p eriphery , edge

Grund master, matter, reason , base, cause, ground, b ottom ro ot

Karte card, map , tic k et, c hart

Lage site, situation, p osition, b earing, la y er, tier

Mangel de�ciency , lac k, priv ation, w an t, shortage, shortcoming, absence, dearth, demerit, desideratum, insu�ciency , paucit y , scarceness

Menge amoun t, deal, lot , mass, m ultitude, plen t y , quan tit y , quiv erful, v olume, abundance, aplen t y ,

assem blage , cro wd, batc h, crop, heap, lashings, scores, set, loads, bulk

Prüfung examination, scrutin y , v eri�cation , ordeal, test, trial, insp ection, try out,

assa y , can v ass, c hec k, inquiry , p erusal, reconsideration, scruting

Sc h wierigk eit di�cult y , trouble , problem, sev erit y , ardousness, hea viness

Seite page, part y , side , p oin t, asp ect

Sic herheit certain t y , guaran tee, safet y , imm unit y , securit y , collateral , doubtlessness, sureness, dep osit

Stimme v oice, v ote , tones

T ermin date, deadline, meeting , app oin tmen t, time, term

V erbindung asso ciation, con tact, link , c hain, conjunction, connection, fusion, join t , comp ound, alliance, catenation, tie, union, b ond,

in terface, liaison, touc h, relation, incorp oration

V erb ot ban, in terdiction, prohibition, forbiddance

V erp�ic h tung commitmen t, obligation, undertaking , dut y , indebtedness , on us, debt, engagemen t, liabilit y , b ond

V ertrauen con�dence, reliance, trust , faith, assurance, dep endence, priv ate, secret

W ahl election, option , c hoice , ballot, alternativ e, p oll , list

W eg path, road, w a y , alley , route, lane

Widerstand resistance, opp osition, drag

Zeic hen c haracter, icon, sign, signal, sym b ol, mark, tok en, �gure, omen

Ziel aim, destination, end , designation, target, goal, ob ject, ob jectiv e, sigh tings, in ten tion, prompt

Zusammenhang coherence, con text, con tiguit y , connection

Zustimm ung agreemen t, appro v al, assen t , accordance, approbation, consen t, a�rmation, allo w ance, compliance, compliancy , acclamation

Figure 5: Dictionaries extracted from online resources

am biguit y random

ma jor

sense

empirical

distrib.

clustering ProbLex

8.63 14.2 % 31.9 %

P: 46.1 %

E: 36.2 %

43.3 % 49.4 %

2.83 35.9 % 45.5 %

P: 60.8 %

E: 49.4 %

61.5 % 68.2 %

Figure 6: Disam biguation results for clustering v ersus probabilistic lexicon metho ds

w orse in terms of e�ectiv eness (E = #correct

/ #correct + #incorrect + #don't kno w). The

reason for this is that ev en if the distribution

of ( v ; n ) pairs is estimated quite precisely for

the pairs in the large training corpus, there are

still man y pairs whic h receiv e the same or no

p ositiv e probabilit y at all. These e�ects can b e

o v ercome b y a clustering approac h to disam-

biguation (column 5). Here the class-smo othed

probabilit y of a ( v ; n ) pair is used to decide b e-

t w een alternativ e target-nouns. Since the clus-

tering mo del assigns a more �ne-grained prob-

abilit y to nearly ev ery pair in its domain, there

are no don't kno w cases for comparable preci-

sion v alues. Ho w ev er, the seman tically smo othed

probabilit y of the clustering mo dels is still to o

coarse-grained when compared to a disam bigua-

tion with a probabilistic lexicon. Here a further

gain in precision and equally e�ectiv eness of ca.

7 % is obtained on b oth corp ora (column 6).

W e conjecture that this gain can b e attributed

to the com bination of frequency information of

the nouns and the �ne-tuned distribution on the

selection classes of the the nominal argumen ts

of the v erbs. W e b eliev e that including the set

of translation alternativ es in the ProbLex dis-

tribution is imp ortan t for increasing e�ciency ,

b ecause it giv es the disam biguation mo del the

opp ortunit y to c ho ose among unseen alterna-

tiv es. F urthermore, it seems that the higher pre-

cision of ProbLex can not b e attributed to �lling

in zero es in the empirical distribution. Rather,

w e sp eculate that ProbLex in telligen tly �lters

the empirical distribution b y reducing maximal



coun ts for observ ations whic h do not �t in to

classes. This migh t help in cases where the em-

pirical distribution has equal v alues for t w o al-

ternativ es.

source target correct accept.

Seite

page

side

76.9 % 76.9 %

Sic herheit

guaran tee

safet y

93.8 % 93.0 %

V erbindung

connection

link

58.8 % 93.8 %

V erp�ic h tung

commitmen t

obligation

73.2 % 94.1 %

Ziel

ob jectiv e

target

72.5 % 85.5 %

o v erall precision 78 % 90 %

Figure 7: Precision for �nding correct and ac-

ceptable translations b y lexicon lo ok-up

Fig. 7 sho ws the results for disam biguation

with probabilistic lexica for �v e sample w ords

with t w o translations eac h. F or this dictionary ,

a test corpus of 219 sen tences w as extracted, 200

of whic h w ere additionally lab eled with accept-

able translations. Precision is 78 % for �nding

correct translations and 90 % for �nding accept-

able translations.

F urthermore, in a subset of 100 test items

with a v erage am biguit y 8.6, a h uman judge ha v-

ing access only to the English v erb and the set of

candidates for the target-noun, i.e. the informa-

tion used b y the mo del, selected among transla-

tions. On this set, h uman precision w as 39 %.

5 Discussion

Fig. 8 sho ws a comparison of our approac h

to state-of-the-art unsup ervised algorithms for

w ord sense disam biguation. Column 2 sho ws the

n um b er of test examples used to ev aluate the

v arious approac hes. The range is from ca. 100

examples to ca. 37,000 examples. Our metho d

w as ev aluated on test corp ora of sizes 219, 814,

and 1,340. Column 3 giv es the a v erage n um b er

of senses/translations for the di�eren t disam-

biguation metho ds. Here the range of the am bi-

guit y rate is from 2 to ab out 9 senses

4

. Column 4

4

The am biguit y factor 2.27 attributed to Dagan and

Itai's (1994) exp erimen t is calculated b y dividing their

a v erage of 3.27 alternativ e translations b y their a v erage

of 1.44 correct translations. F urthermore, w e calculated

the am biguit y factor 3.51 for Resnik's (1997) exp erimen t

sho ws the random baselines cited for the resp ec-

tiv e exp erimen ts, ranging from ca. 11 % to 50 %.

Precision v alues are giv en in column 5. In order

to compare these results whic h w ere computed

for di�eren t am biguit y factors, w e standardized

the measures to an ev aluation for binary am bi-

guit y . This is ac hiev ed b y calculating p

1 = log

2

amb

for precision p and am biguit y factor amb . The

consistency of this �binarization� can b e seen b y

a standardization of the di�eren t random base-

lines whic h yields a v alue of ca. 50 % for all

approac hes

5

. The standardized precision of our

approac h is ca. 79 % on all test corp ora. The

most direct p oin t of comparison is the metho d

of Dagan and Itai (1994) whic h giv es 91.4 % pre-

cision (92.7 % standardized) and 62.1 % e�ec-

tiv eness (66.8 % standardized) on 103 test exam-

ples for target w ord selection in the transfer of

Hebrew to English. Ho w ev er, comp ensating this

high precision measure for the lo w e�ectiv eness

giv es v alues comparable to our results. Dagan

and Itai's (1994) metho d is based on a large v ari-

et y of grammatical relations for v erbal, nominal,

and adjectiv al predicates, but no class-based in-

formation or slot-lab eling is used. Resnik (1997)

presen ted a disam biguation metho d whic h yields

44.3 % precision (63.8 % standardized) for a

test set of 88 v erb-ob ject tok ens. His approac h is

comparable to ours in terms of informedness of

the disam biguator. He also uses a class-based se-

lection measure, but based on W ordNet classes.

Ho w ev er, the task of his ev aluation w as to se-

lect W ordNet-senses for the ob jects rather than

the ob jects themselv es, so the results cannot

b e compared directly . The same is true for the

Sensev al ev aluation exercise (Kilgarri� and

Rosenzw eig, 2000)�there w ord senses from the

Hector -dictionary had to b e disam biguated.

The precision results for the ten unsup ervised

systems taking part in the comp etitiv e ev alu-

ation ranged from 20-65% at e�ciency v alues

from 3-54%. The Sensev al standard is clearly

b eaten b y the earlier results of Y aro wsky (1995)

(96.5 % precision) and Sc h ütze (1992) (92 %

precision). Ho w ev er, a comparison to these re-

from his random baseline 28.5 % b y taking 100 = 28 : 5 ; re-

v ersely , Dagan and Itai's (1994) random baseline can b e

calculated as 100 = 2 : 27 = 44 : 05 . The am biguit y factor for

Sensev al is calculated for the noun task in the English

Sensev al test set.

5

Note that w e are guaran teed to get exactly 50 %

standardized random baseline if r andom � amb = 100 % .



disam biguation

metho d

corpus

size

am biguit y random precision

random

(standardized)

precision

(standardized)

ProbLex 1 340 8.63 14.2 % 49.4 % 53.4 % 79.7 %

814 2.83 35.9 % 68.2 % 50.5 % 77.5 %

219 2 50.0 % 78.0 % 50.0 % 78.0 %

Dagan, Itai 94 103 2.27 44.1 %

P: 91.4 %

E: 62.1 %

50.0 %

P: 92.7 %

E: 66.8 %

Resnik 97 88 3.51 28.5 % 44.3 % 50.0 % 63.8 %

SENSEV AL 00 2 756 9.17 10.9 %

P: 20-65 %

E: 3-54 %

50.0 %

P: 60-87 %

E: 33-83 %

Y aro wsky 95 � 37 000 2 50.0 % 96.5 % 50.0 % 96.5 %

Sc h ütze 92 � 3 000 2 50.0 % 92.0 % 50.0 % 92.0 %

Figure 8: Comparison of unsup ervised lexical disam biguation metho ds.

sults is again somewhat di�cult. Firstly , these

approac hes w ere ev aluated on w ords with t w o

clearly distan t senses whic h w ere determined b y

the exp erimen ters. In con trast, our metho d w as

ev alutated on randomly selected actual transla-

tions of a large bilingual corpus. F urthermore,

these approac hes use large amoun ts of informa-

tion in terms of linguistic categorizations, large

con text windo ws, or ev en man ual in terv en tion

suc h as initial sense seeding (Y aro wsky , 1995).

Suc h information is easily obtainable, e.g., in IR

applications, but often burdensome to gather or

simply una v ailable in situations suc h as incre-

men tal parsing or translation.

6 Conclusion

The disam biguation metho d presen ted in this

pap er delib erately is restricted to the limited

amoun t of information pro vided b y a proba-

bilistic class-based lexicon. This information y et

pro v es itself accurate enough to yield go o d em-

pirical results, e.g., in target-language disam-

biguation. The probabilistic class-based lexica

are induced in an unsup ervised manner from

large unannotated corp ora. Once the lexica are

constructed, lexical am biguit y resolution can b e

done b y a simple lexicon lo ok-up. In target-

w ord selection, the most frequen t target-noun

whose seman tics �ts b est to the seman tics of the

argumen t-slot of the target-v erb is c hosen. W e

ev aluated our metho d on randomly selected ex-

amples from real-w orld bilingual corp ora whic h

constitutes a realistic hard task. Disam biguation

based on probabilistic lexica p erformed satisfac-

tory for this task. The lesson learned from our

exp erimen tal results is that h ybrid mo dels com-

bining frequency information and class-based

probabilities outp erform b oth pure frequency-

based mo dels and pure clustering mo dels. F ur-

ther impro v emen ts are to b e exp ected from

extended lexica including, e.g., adjectiv al and

prep ositional predicates.
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